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Abstract: Future 4D aircraft trajectories demand comprehensive consideration of environmental,
economic, and operational constraints, as well as reliable prediction of all aircraft-related processes.
Mutual interdependencies between airports result in system-wide, far-reaching effects in the air
traffic network (reactionary delays). To comply with airline/airport challenges over the day of
operations, a change to an air-to-air perspective is necessary, with a specific focus on the aircraft
ground operations as major driver for airline punctuality. Aircraft ground trajectories primarily
consists of handling processes at the stand (deboarding, catering, fueling, cleaning, boarding,
unloading, loading), which are defined as the aircraft turnaround. Turnaround processes are mainly
controlled by ground handling, airport, or airline staff, except the aircraft boarding, which is driven
by passengers’ experience and willingness/ability to follow the proposed boarding procedures.
This paper provides an overview of the research done in the field of aircraft boarding and introduces
a reliable, calibrated, and stochastic aircraft boarding model. The stochastic boarding model is
implemented in a simulation environment to evaluate specific boarding scenarios using different
boarding strategies and innovative technologies. Furthermore, the potential of a connected aircraft
cabin as sensor network is emphasized, which could provide information on the current and future
status of the boarding process.
Keywords: aircraft boarding; ground handling; validation; optimization; infrastructure; connected
cabin
1. Introduction
International Civil Aviation Organization (ICAO) provides with the Aviation System Block
Upgrades (ASBU) a timeline to implement efficient flight paths by full 4D trajectory-based
operations [1]. In the ASBU Block 0 (available), improved airport operation through Airport
Collaborative Decision Making (A-CDM [2]) is a mandatory element. The A-CDM concept aims
at information-based decision management by online sharing of operational milestones among
all stakeholders. It is expected that common awareness will result in improved processes and a
balanced utilization of both local and network resources. Thus, the prediction and reliability of the
TOBT (Target Off Block Time [3]) are essential to maintaining high arrival punctuality [4]. The next
ASBU Block 1 (2018–2023) demands performance improvements through the application of SWIM
(System Wide Information Management, see [5]) and increased interoperability through flight and
flow information [6]. Since information and data management is becoming more important for the
efficiency of the global air traffic management system [7], SWIM is one of the key elements of the
U.S. NextGen and Single European Sky initiatives.
From an air transportation system view, a flight could be seen as a gate-to-gate or an air-to-air
process: where gate-to-gate is more focused on the aircraft trajectory flown, the air-to-air process
concentrates on the airport ground operations to enable efficient flight operations and reliable departure
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times. Typical standard deviations for airborne flights are 30 s at 20 min before arrival [8], but could
increase to 15 min when the aircraft is still on the ground [9]. As Figure 1 demonstrates, the average
time variability (measured as standard deviation) is higher in the flight phase (5.3 min) than in the
taxi-out (3.8 min) and taxi-in (2.0 min) phase but significantly lower than the variability of both
departure (16.6 min) and arrival (18.6 min) [10]. If the aircraft is departing the airport, changes with
regards to the arrival time are comparatively small [11]. Thus, the arrival punctuality is clearly driven
by the departure punctuality.
Punctual air traffic operations depend on the performance of all parties involved (airlines, airport,
network management, air navigation service provider). To achieve a target value of punctuality,
airlines implement time buffers to compensate for deviations at the operational level. In 2016 only
80.5% of the flights were punctual (delay shorter than 15 min)—a decreasing trend since 2013, when
there was 84% punctuality [10].
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Figure 1. Variability of ground and flight phases on intra-European flights, 2008–2015 (cf. [10]).
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Figure 2. Average departure delay per flight by hour of the day (cf. [13]).
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The reactionary delay starts at 18% and reaches a maximum of 66% and 2100 UTC. During that
time, the airline delay decreases from 37% to 21%. The delay caused by en route and weather impacts
has only a minor influence, indicated by a relatively stable, average share of 8% and 6%, respectively.
The local turnaround delays, caused by airlines, airport operators, ground handlers, and other parties,
accounted for 35% of all departure delays in 2016, where the average departure delay per flight
reaches 11.2 min [10]. All this demands a sustainable improvement of the turnaround efficiency and
predictability, supported by local initiatives such as A-CDM or APOC (Airport Operations Centre),
a platform for stakeholder communication and coordination [14].
The turnaround consists of five major tasks: deboarding, catering, cleaning, fueling, and
boarding—as well as the parallel processes of unloading and loading. From the operator perspective,
all these aircraft handling processes will follow defined procedures and are mainly controlled by the
ground handling, airport, or airline staff [15,16]. As an exception, the boarding process is driven by
the passengers’ experience and willingness or ability to follow the proposed procedures (e.g., late
arrivals, no-shows, amount of hand luggage, priority passengers). To provide a reliable time stamp for
the TOBT, the critical path of the turnaround has to be under the control of the operational entities.
The stochastic and passenger-controlled progress of aircraft boarding makes it difficult to reliably
predict the turnaround time, even if boarding is already in process.
1.1. Status Quo
Comprehensive overviews are provided by Schmidt for aircraft turnaround [17], by Jaehn and
Neumann for boarding [18], and by Nyquist and McFadden [19] and Mirza [20] for the corresponding
economic impact. Relevant studies concerning aircraft boarding strategies include, but are not limited
to, the following examples.
A common goal of simulation-based approaches is to minimize the time required for passengers
to board the aircraft. Taking into account specific boarding patterns, a study by Van Landeghem and
Beuselinck [21] investigates the efficiency of different boarding strategies. A similar approach is used by
Ferrari and Nagel [22], focused particularly on disturbances to the boarding sequence caused by early or
late arrivals of passengers. The results show faster boarding times for the commonly used back-to-front
boarding in the case of passengers not boarding in their previously assigned boarding block. This fact
indicates that a back-to-front policy is not an optimal solution to the boarding problem. Picking
up on the idea of block boarding, a study based on an analytical model by van den Briel et al. [23]
shows significantly improved boarding times for block policies compared to the back-to-front policy.
In contrast, Bachmat and Elkin [24] show the benefits of the back-to-front policy as opposed to random
boarding. Schultz et al. [25] demonstrates with a stochastic cellular automaton model that back-to-front
boarding is most efficient if two boarding blocks are used, which is confirmed by Bachmat et al. [26]
using a 1 + 1 polynuclear growth model with concave boundary conditions.
The interactions of passengers during the seating process are the focus of a study by Bazargan [27].
The mathematical model’s output aims to minimize interferences using a mixed integer linear program
for optimization. A stochastic boarding approach is developed by Schultz et al. [25] to cover both
individual passenger behavior and the aircraft/airline operational constraints of aircraft/airlines.
Using a Markov Chain Monte Carlo optimization algorithm, Steffen [28] develops a boarding strategy
assuming that the handling of hand luggage has a major impact on the boarding time and provides a
model based on fundamental statistical mechanics [29]. Frette and Hemmer [30] identify a power law
rule where the boarding time scales relate to the number of passengers to board, which allows for the
prediction of the results of the back-to-front boarding strategy; Bernstein [31] extends this approach to
large numbers of passengers.
Tang et al. [32] develop a boarding model considering passengers’ individual physique (maximum
speed), quantity of hand luggage, and individually preferred distance. Based on a boarding strategy
from Steffen [28], Milne and Kelly [33] develop a method that assigns passengers to seats so that
their luggage is distributed evenly throughout the cabin, assuming a less time-consuming process
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for finding available storage in the overhead bins. Qiang et al. [34] propose a boarding strategy that
allows passengers with a large amount of hand luggage to board first. Milne and Salari [35] assign
passengers to seats according to the number of hand luggage items and propose that passengers with
few pieces should be seated close to the entry. Zeineddine [36] emphasizes the importance of groups
when traveling by aircraft and proposes a method whereby all group members should board together,
assuming a minimum of individual interferences in the group.
Bachmat et al. [37] demonstrate with an analytical approach that boarding efficiency is linked
to the aircraft interior design (seat pitch and passengers per row). Chung [38] and Schultz et al. [39]
address the aircraft seating layout and indicate that alternative designs could significantly reduce
the boarding time for both single- and twin-aisle configuration. Fuchte [40] addresses aircraft design
and, in particular, the impact of aircraft cabin modifications with regard to the boarding efficiency.
Schmidt et al. [41,42] evaluate novel aircraft layout configurations and seating concepts for single- and
twin-aisle aircraft with 180–300 seats. The innovative approach to dynamically changing the cabin
infrastructure through a Side-Slip Seat is evaluated by Schultz [43].
Steffen and Hotchkiss [44] experimentally tested airplane boarding methods in a mock Boeing
757 fuselage. Kierzkowski and Kisiel [45] provide an analysis covering the time needed to place
items in the overhead bins depending on the availability of seats and occupancy of the aircraft.
Gwynne et al. [46] perform a series of small-scale laboratory tests to help quantify individual passenger
boarding and deplaning movement considering seat pitch, hand luggage items, and instructions for
passengers. Schultz [47] provides a set of operational data including classification of boarding times,
passenger arrival times, time to store hand luggage, and passenger interactions in the aircraft cabin as a
fundamental basis for boarding model calibration. Miura and Nishinari [48] conducted an experiment
to understand how passengers assessed boarding/deboarding times.
1.2. Objectives and Structure of the Document
The paper provides an overview about the current status of passenger boarding research, as an
important process of the aircraft turnaround. After introducing a stochastic boarding model to consider
individual passenger behavior during aircraft boarding [25,39], results from field measurements to
validate the model [49] are presented in Section 2. Results from the boarding model application and
the implementation of innovative infrastructural changes [43] are given in Section 3. In the context of
aircraft boarding, new topics are discussed in Section 4: evaluation of complex passenger interactions
(for boarding time prediction) and the capabilities of a future connected cabin [50]. Finally, the paper
closes with a summary and future outlook.
2. Stochastic Boarding Model
The most scientific approaches do not reflect the operational aircraft/airline conditions (e.g., seat
load factor, conformance to the boarding procedure) or the non-deterministic nature of the underlying
processes (e.g., the amount and distribution of hand luggage). Furthermore, there is a clear lack
of reliable data on aircraft operations and passenger handling. Assumptions regarding the inner
processes are often derived from simplified research environments or gathered in less realistic test
setups. To bridge this gap, data from the field are manually recorded during the day of operations to
calibrate the sub-processes of a stochastic aircraft boarding model [25,39].
2.1. Model
The proposed dynamic model for the boarding simulation is based on an asymmetric simple
exclusion process (ASEP, cf. [51]). The ASEP was successfully adapted to model the dynamic passenger
behavior in the airport terminal environment [25,52]. In this context, passenger boarding is assumed to
be a stochastic, forward-directed, one-dimensional, and discrete (time and space) process. To provide
both an appropriate set of input data and an efficient simulation environment, the aircraft seat layout
is transferred into a regular grid with aircraft entries, aisle(s) and passenger seats as shown in Figure 3
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(reference: Airbus 320, 29 rows, 174 seats). This regular grid consists of equal cells with a size of
0.4 × 0.4 m, whereas a cell can either be empty or contain exactly one passenger.
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Furthermore, the operational constraints are implemented in the stochastic boarding model
(see Figure 5). In particular, these constraints consist of priority boarding (e.g., first/business class),
conformance of passengers to the boarding strategy (e.g., late arrivals), seat load factor (ratio of booked
to available seats), and group patterns (e.g., families).
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In the simulation environment, the boarding process is implemented as follows. Depending on the
seat load, a specific number of randomly chosen seats are used for boarding. For each seat, a passenger
(agent) is created. The agent contains individual parameters, such as number of hand luggage items,
maximum walking speed in the aisle (set for all agents to 0.8 m/s), seat coordinates, time to store
the hand luggage, and arrival time at the aircraft door. Further on, several process characteristics
could be recorded during the simulation runs (e.g., waiting time, number of interactions). To create
the time needed to store the hand luggage, a triangular distribution provides a stochastic time value
depending on the number of items [25,39]. The agents are sorted with regard to their seats and the
current boarding strategy. From this sequence, a given percentage of agents (conformance rate) are
taken out of the sequence and inserted into a position, which contradicts the current strategy (e.g.,
inserted into a different boarding block). According to the arrival time distribution (e.g., linear or
exponential) and the boarding sequence, each agent gets a timestamp to appear on the aircraft door
queue. When the simulation starts, the first agent in the queue always enters the aircraft by moving
from the queue to the entry cell of the aisle grid (aircraft door), if this cell is free. In each simulation
step, all agents located in the row are moved to the next cell, if possible (free cell and not arrived at the
seat row), using a shuffled sequential update procedure (emulate parallel update behavior [51,53]).
If the agent arrives at the assigned seat row, s/he waits in the cell according to the time needed to store
the hand luggage. Depending on the seat row condition (e.g., blocked aisle or middle seat or both),
additional time is stochastically generated to wait in the aisle to perform the seat shuffle. During the
whole waiting process, no other agent can pass. When the waiting process finally finishes, the agent is
set to the seat and the aisle cell is set free.
The developed boarding model does not address unruly passenger or system behavior or
counterflow passenger movements, which may arise from individual problems in finding the assigned
seat or blocked overhead compartments. In particular, the problem of blocked overhead compartments
could not be solved by operational strategies, but with increased compartment capacity or a more
restrictive airline policy regarding the amount of hand luggage allowed. If the airline does not react to
high numbers of hand luggage items, an adopted boarding approach could result in evenly distributed
hand luggage throughout the aircraft cabin [33].
2.2. Field easurement and Calibration
This section provides an overview of the results of the field measurements and boarding trials
(further details are available in [47,49]). In Figure 6, the measurements of manually measured
282 boarding events for single-aisle aircraft (Airbus 320, Boeing 737) are shown, with a minimum of
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29 passengers and a maximum of 190 passengers. Assuming a linear boarding process, the boarding
time increases for each passenger by 4.5 s, with an additional offset of 2.3 min on average (solid
regression line in Figure 6).
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To e phasize the operational progress of different boarding events, three boarding scenarios are
selected from the recorded data. These scenarios reflect one specific flight on different days (nearly
the same number of passengers: 99, 100, and 104) but significantly varying boarding rates and times.
In Figure 8, the scenarios show a short (A), normal (B), and long (C) boarding duration. Due to the
different passengers’ arrival times, boarding is completed after 7 min in scenario A (average arrival
rate of 14.1 passenger/min), after 11 min in scenario B (average arrival rate of 9.4 passenger/min), and
after 15 min in scenario C (average arrival rate of 6.7 passenger/min).
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Obviously, late pas engers could also significantly extend the boarding proces (scenario C).
However, a (constant) lower arrival rate of passengers at he aircraft adversely affects the boarding
process. The arrival rate of pas engers at he aircraft is mainly trig ered by the presence of pas engers
at he boarding gate and the service rate at he boarding pas checkpoint. As a consequence, an airline
should balance the effort/benefit ratio betwe n introducing new boarding procedures and faster
dispatch/higher availability of pas engers at the boarding gate.
To calibrate the model d passenger processes during boarding, the following input parameter
were measured in the field: distribution of time needed to store hand luggage (see Fi ur 9), distribution
of time for seat shuffling (interactions during seati g), distribution of passenger arrival rat s at airc aft
door, and distributi n of walking speed in the isle of th aircraft c bin. Finally, the calibrated stochastic
aircraft boarding model shows deviations smaller than 5% between easured and simulat d boarding
times [47,49].
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3. pplication of ircraft Boarding Model
The stochastic boarding odel is i ple ented in a si ulation environ ent, hich allo s for
evaluating specific boarding scenarios ith different procedures and technologies. The odel as
pri arily developed to analyze the 320 reference layout in an efficient ay, by eans of calculation
ti es and consideration of relevant operational constraints. evertheless, the odel as extended
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to be used for twin-aisle configuration [39], implementation of infrastructural changes such as the
Side-Slip Seat [54], development and optimization of appropriately adapted boarding strategies [43,55],
and to derive a complexity metric to predict boarding progress [56]. An additional visualization
module is developed to demonstrate the working principle of the analyzed boarding scenarios (see
Figure 10). In this section, the results of two different applications of the boarding model are shown:
a comparison of different boarding approaches and an innovative infrastructural change in the aircraft
cabin to speed up the aircraft boarding [43].
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example and indicating the interaction during the seating process (color coded).
3.1. Comparison of Different Boarding Approaches: Conformance, Hand Luggage, Groups
A familiar boarding procedure is the back-to-front strategy, which is operationally applied at some
airlines. For this strategy, seat rows are aggregated to seat blocks and these blocks are called at the
boarding gate. The efficiency of the back-to-front strategy depends on the size of the blocks [25]. Beside
the approach of random and back-to-front boarding, two additional strategies are commonly used as
reference implementations to emphasize the capabilities of procedural changes: outside-in boarding
and individual, seat-wise boarding. In outside-in boarding, three seat blocks exist for window, middle,
and aisle seats. Here, the window seats block is boarded first, followed by the middle and aisle blocks.
Individual boarding consists of a seat-wise combination of back-to-front and outside-in boarding and
is generally considered the fastest boarding sequence [28].
In the following evaluation, a sensitivity analysis is applied with regards to the model parameter
of passenger conformance to boarding strategies. The boarding time of the random boarding strategy is
used as a reference with a value of 100% (default seat load of 85%). The conformance rate describes the
fact that a boarding strategy demands a specific chronological order of passengers (more precise: seats),
but this order could only be realized up to a certain level: passengers may arrive late from prior flights
(airside connection) or security control (landside connection), privileged passengers could board at
any time, and families (groups) will not be separated. It is expected that these disturbances will reduce
the effectiveness of boarding strategies. In Figure 11, the average boarding time is shown against an
increasing conformance rate. Evidently, the random strategy could not be affected by changes in the
conformance rate. The back-to-front strategy shows a decreasing boarding time at the beginning, but
after a minimum boarding time (value of 95% at 75% conformance rate), the boarding increases again.
The outside-in and individual boarding perform progressively better with increasing conformance.
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A large amount of hand luggage results in higher boarding times, caused by blocked overhead
compartments and additional counterflow passenger movements in the aircraft aisle. Therefore, the
potential boarding time savings accomplished by a stepwise reduction in the number of hand luggage
items is also addressed. Figure 12 shows a reduction in boarding time if the number of hand luggage
items is reduced from an average of 1.5 to zero items per passenger. The initial approach assumed at
least one piece of baggage per passenger and probabilities for one piece, two pieces, and three pieces
of 60%, 30%, and 10%, respectively [39], and is taken as the baseline to stepwise reduce the number
of hand luggage items. As Figure 12 shows, all strategies result in faster boarding. In particular,
the boarding time is reduced by 34%, 33%, 25%, and 12% for random, back-to-front, outside-in, and
individual strategies assuming a “no hand luggage” rule.
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With a focus on specific group constellation, an average ratio of 30% is used to emphasize the
impact of groups on boarding time. A ratio of 30% at a seat load of 85% means that approximately
44 passengers are part of a group, on average. The evaluation is based on four specific group
constellations: two passengers, three passengers, six passengers in one row, and six passengers
sitting on one side of the aisle in sequential rows. The results of the exemplary group constellation are
shown in Figure 13.
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Figure 14. Side-Slip Seat provides a wider aisle for boarding: seat in initial condition (left) and unfolded
operational condition (right) [54].
Th stochastic boarding model is adapted to allow parallel movement of two passengers along
the aisle. Furthermore, the dyna ic status of the seat row (f lded/unfolded) is implemen ed to
enable/disable this p ra lel movement. The implementatio of these new dynamic aircraft seats
demands an appropriately adapted boarding strategy. To identify an optimal bo din sequence, the
st chastic simulation model [25,39] was used as a reliable ba is for an evolutionary algorithm, which
continuously im roves an initial set of boarding s quences. As Figure 15 shows, the evolutionary
developmen steps lead to a boardi g s rategy where pas engers on one side of the aisle should be
boarded first. A detailed description of the method and results is provided in [43].
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economy, hand luggage), or boarding sequence. Finally, this specific parameter set is implemented 
into the simulation environment and results in both an average boarding time and a corresponding 
standard deviation. During the course of boarding, the number of passengers seated in the aircraft 
increases constantly (realized boarding time) and the stochastic component of boarding time has a 
decreasing influence on the final boarding time. In Figure 16, the implication of the decreasing 
uncertainty during the course of boarding is shown, indicated by higher values of the corresponding 
probability density function. Here, boarding progresses of 0%, 50% and 80% are used as examples, 
with a realized progress time tr. The prediction of expected boarding time t0 starts at 1103 s (0% 
progress, 100% stochastic) and the last prediction (80% progress, 20% stochastic) results in 1021 s, 
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Figure 15. Evolution of boarding sequence from random sequence to a left/right sequence.
The evolutionary algorithm demonstrates that a boarding sequence that differentiates between
the left and the right side of the aircraft will benefit most from the innovative Side-Slip Seat technology.
Using the reference A320 layout, a random boarding strategy calling the left (right) side of the aircraft
first results in 19% faster boarding, accompanied by more reliable progress (10% smaller value for the
standard deviation of boarding time).
4. Boarding Progress and Connected Aircraft Cabin
Addressing the fact that boarding is on the critical path of the aircraft 4D trajectory and not
controlled by the operators, a reliable scientific approach is needed for real-time evaluation of the
boarding process using the capabilities of a future connected cabin (e.g., sensor environment). To enable
reliable prediction of the boarding time, the aircraft/airport infrastructure and IT systems have to
provide a set of relevant data. It is expected that a future connected cabin will be designed as a sensor
network for multiple purposes (cyber physical system) such as passenger convenience, communication
devices, or maintenance planning. In the context of boarding, an environment of sensors with the
ability to detect whether passengers have taken their seats (e.g., pressure, infrared, or video sensors) or
stand in the aisle and information from the boarding counter (passenger arrival sequence) are assumed
as being likely future aircraft cabin equipment.
Therefore, a set of indicators is developed for depicting the real-time status of boarding progress
as a fundamental basis for the prediction of the boarding time [50]. In this context, the aircraft seats
are used as a sensor network with the capability to detect the seat status: free or occupied. The seat
status is the basis for the calculation of an aircraft-wide interference potential as the major indicator of
boarding progress.
4.1. Interference Potential as a etric for Progress Prediction
To predict the duration of aircraft boarding, the stochastic si ulation odel could be used with
specific assu ptions for the day of operations such as the position of the aircraft (apron, gate), doors
to be used, number of boarding counters, aircraft type (e.g., A31x, A32x, B737), number of passengers
booked (e.g., seat load factor, specific seats used), characteristics of passengers (e.g., premium, economy,
hand luggage), or boarding sequence. Finally, this specific parameter set is implemented into the
simulation environment and results in both an average boarding time and a corresponding standard
deviation. During the course of boarding, the number of passengers seated in the aircraft increases
constantly (realized boarding time) and the stochastic component of boarding time has a decreasing
influence on the final boarding time. In Figure 16, the implication of the decreasing uncertainty during
the course of boarding is shown, indicated by higher values of the corresponding probability density
function. Here, boarding progresses of 0%, 50% and 80% are used as examples, with a realized progress
time tr. The prediction of expected boarding time t0 starts at 1103 s (0% progress, 100% stochastic) and
the last prediction (80% progress, 20% stochastic) results in 1021 s, with standard deviations of 78 s
and 35 s, respectively.
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Furthermore, the boarding time could be predicted with a higher level of reliability (more
stable boarding progress), if the exact sequence of passengers is known beforehand. However, the
boarding times still consist of a normal distributed characteristic, as Figure 17 demonstrates by using
probability density.
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Nevertheless, it is expected that a future connected cabin could provide additional data to further
improve the prediction of boarding time. Thus, a metric was developed to evaluate the current
boarding progress considering the allocation of occupied seats in the aircraft cabin. The main idea is
that a scenario where all aisle seats are occupied will lead to significantly longer boarding times in
comparison to a scenario where all window seats are occupied, if new passengers enter the aircraft.
In the case of occupied aisle seats, passengers have to stand up first before new passengers can take a
seat. In the case of occupied window seats, no further interactions will arise, if a new passenger takes
seat. The possible interactions between passengers are aggregated to an interference potential for the
current seat occupation in the aircraft.
In Figure 18 the progress of the interference potential and the seat load are shown. The gray,
vertical line labels a point in time (460 s) where the progress of the seat load provides no clear
indication of which boarding strategy will be faster. However, the newly developed interference
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potential demonstrates that the boarding marked with a solid line has a significantly lower value for
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4.2. Field Trial of a Connected Aircraft Cabin
A hardware prototype environment of a connected aircraft cabin was developed (implementing
interference potential) and used in field trials in close cooperation ith Eurowings. In Figure 19,
the field test setup is shown with seat sensors from the automotive industry. This sensor network
was successfully tested in a mockup environment previously. The individual seat sensors efficiently
indicate the seat status and aggregated seat row conditions are sent to a central processing unit, which
shows aircraft-wide status information to the operator. Furthermore, a sensor floor was installed in
the aircraft aisle to additionally detect specific passenger positions (density, congestion) and walking
speeds in the aisle.
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speed of passengers results in 0.78 m/s, with a standard deviation of 0.31 m/s during boarding and a
speed of 0.99 m/s with 0.24 m/s during deboarding.Aerospace 2018, 5, 8  15 of 18 
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5. Summary and Outlook 
This paper gives an overview of the status quo regarding fast aircraft turnaround, with a specific 
focus on aircraft boarding. A stochastic boarding model is introduced that considers both individual 
passenger behavior and operational constraints. The input parameters of the boarding model are 
calibrated with data from field trials and the model finally shows deviations smaller than 5% between 
measured and simulated boarding times. 
The stochastic boarding model is implemented in a simulation environment to evaluate specific 
boarding scenarios using different boarding strategies and technologies. The application of the model 
confirms prior findings (e.g., outside-in is faster than random boarding) and shows higher sensitivity 
of complex boarding strategies (outside-in and individual boarding) to passenger conformance, 
which is important for real airline/aircraft operations. Furthermore, simulation results indicate that 
boarding time could be reliably reduced by 20–30% in the field. Infrastructural changes, such as the 
innovative Side-Slip Seat, show additional potential to shorten the boarding time. 
It is assumed that future aircraft cabins will be designed as a sensor network (cyber physical 
system, connected cabin) to provide information on passenger convenience, communication devices, 
or maintenance planning. In the context of aircraft boarding, this information could be used to assess 
the current and future status of boarding progress. Thus, a set of indicators is developed to evaluate 
and aggregate the (current and expected) passenger interactions during boarding to an interference 
potential, which will be the fundamental basis for real-time predictions of boarding time using 
machine learning (cf. [57]). Finally, a hardware prototype environment of a connected aircraft cabin 
was developed and tested in a field trial, in close cooperation with Eurowings, and showed promising 
results with regards to future boarding improvements. In combination with integrated airline/airport 
information management (e.g., sequence of boarding passengers), the boarding process could now 
be transformed from a black box to a transparent process with the operator’s real-time ability to react 
to significant deviations from the planned process. 
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5. Summary and Outlook
This paper gives an overview of the status quo regarding fast aircraft turnaround, with a specific
focus on aircraft boarding. A stochastic boarding model is introduced that considers both individual
passenger behavior and operational constraints. The input parameters of the boarding model are
calibrated with data from field trials and the model finally shows deviations smaller than 5% between
measured and simulated boarding times.
The stochastic boarding model is implemented in a simulation environment to evaluate specific
boarding scenarios using different boarding strategies and technologies. The application of the model
confirms prior findings (e.g., outside-in is faster than random boarding) and shows higher sensitivity
of complex boarding strategies (outside-in and individual boarding) to passenger conformance, which
is important for real airline/aircraft operations. Furthermore, simulation results indicate that boarding
time could be reliably reduced by 20–30% in the field. Infrastructural changes, such as the innovative
Side-Slip Seat, show additional potential to shorten the boarding time.
It is assumed that future aircraft cabins will be designed as a sensor network (cyber physical
system, connected cabin) to provide information on passenger convenience, communication devices,
or maintenance planning. In the context of aircraft boarding, this information could be used to
assess the current and future status of boarding progress. Thus, a set of indicators is developed
to evaluate and aggregate the (current and expected) passenger interactions during boarding to an
interference potential, which will be the fundamental basis for real-time predictions of boarding time
using machine learning (cf. [57]). Finally, a hardware prototype environment of a connected aircraft
cabin was developed and tested in a field trial, in close cooperation with Eurowings, and showed
promising results with regards to future boarding improvements. In combination with integrated
airline/airport information management (e.g., sequence of boarding passengers), the boarding process
could now be transformed from a black box to a transparent process with the operator’s real-time
ability to react to significant deviations from the planned process.
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